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ABSTRACT
As chip mult iprocessors (CMPs) become increasingly main-
stream, archit ects have likewise become more interested in
how best to share a cache hierarchy among multipl e simult a-
neousthreads of execution. The complexit y of thi s problem
is exacerbatedas the number of simulta neous threads grows
from two or four to the tens or hundreds. However, there is
no consensus in the archit ectural community on what \b est"
means in thi s context. Some papers in the literature seek
to equalize each thread' s perform ance loss due to sharing,
whil e others emphasize maximizing overal l system perfor-
mance. Furthermore, the speci�c e� ect of thesegoals varies
depending on the metric used to de�ne \p erformance".

In thi s paper we label equal performance targets as Com-
munist cache policies and overall performance targets as
Ut il itari an cache policies. We compare both of these mod-
els to the most common current model of a free-for-all cache
(a Capital ist policy). We consider various performancemet-
rics, including missrates, bandwidt h usage,and IPC , includ-
ing both absolute and relati ve values of each metri c. Using
analyti cal models and behavioral cache simulation, we �nd
that the opti mal parti ti oning of a shared cache can vary
greatly as di�eren t but reasonable de�nit ions of opt imality
are applied. We also �nd that , although Communist and
Ut il itari an targets are generally compatibl e, each poli cy has
workloads for which it providespoor overall performance or
poor fairness, respectively. Finally, we �nd that simple poli-
cies like LRU replacement and static uniform parti ti oning
are not su�ci ent to provide near-opti mal performance under
any reasonablede�ni tio n, indi cating that some thread-aware
cache resourceallocation mechanism is required.
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1. INTRODUCTION
Several factors| including power constra ints and dimin-

ishing returns on extracti ng instructi on-level parall elism from
individual threads| have led to a major industry shift to-
ward chip multipro cessors (CMP s). While some early CMPs
employed private per-core cache hierarchies, more recent de-
signs including Intel's Core Duo [6], IBM's Power 5 [9] and
Sun's Niagara [11] use shared last -level on-chip caches.

Shared caches enable more 
exibl e and dynamic alloca-
ti on; in the extrem e, one core can usethe ent ire cache space
if the other cores are idl e. Shared caches can also provide
higher performance when cores share data. A single copy
of a cache block can be accessed from all cores with low
latency, reducing coherencetra� c. The reduction in data
redundancy also leads to larger e� ectiv e capacity on chip.
This e�ect can potenti ally o�er signi�can t performance im-
provements over private caches, part icularly in larger server
platforms where the workloads are known to share data be-
tweenthreads [12, 11]. Addi tiona ll y, server threads from the
same applicati on often run the same binary, thus sharing
instruc tions, and virtual machines running the same guest
operat ing system can read from the same operating system
binaries [20]. Al l of these forms of sharing have the potenti al
to bene�t from shared caches.

As wit h all resourcesbeing shared by competing elements
witho ut regulation, there is the danger of destruct ive in-
terference, unfairness, or starvation of individua l threads.
There is already evidenceof such problemsin current hyper-
threaded systemswhere two threads shareL1 and L2 caches,
in which a garbage collection thread in a database applica-
ti on running at the same tim e as worker threads created
such destructi ve interference that the performance of the
database su�ered dramati cally [4].

This phenomenon demonstra tes the need for a policy to
control the cache allocation process, which in turn raisesthe
question of what the optimal policy might be. Of course,the
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answer to thi s questi on hinges on the objecti ve for which we
opti mize. Do we seek to maximize overall system perfor-
mance, or fairness across threads? Given one of these goals,
what metri c do we seek to maximize or equali ze? While
the notion of performance in single-threaded uniprocessors
is straight forward, multit hreaded systems are amenable to
mult ipl e de�nit ions, including IPC s and miss rates, both
raw (absolute) and weighted|and among weighted metri cs,
mult ipl e weighti ng factors may be selected. The goal of thi s
paper is to explore the impact of various de�ni ti ons of \op-
ti mal performance" on the part iti oning of a shared cache
among multi ple threads. Speci�cal ly, we seekto answer the
following quest ions:

� To what extent doesthe de�ni ti on of \opti mal" impact
the resulting partit ions and performance?

� If we target one de�nit ion of \optim al", how well does
the system fare with regard to other reasonable de�-
nit ions? In part icular, how do policies targeting over-
all performance rat e in terms of fairness, and how do
poli cies targeti ng fairness rat e in terms of overall per-
formance?

� If we de�ne optim ality based on metri cs that are not
readily available online, are there onli ne measurable
metrics that correlate well that could be used to driv e
an onli ne policy?

Borrowing loosely from economics terminology, we de�ne
three high-level policies for cache allocation. A \ Commu-
nist" approach seeks to maximize fairness, ensuring that
each thread bears an equal porti on of the cache sharing
penalty, or alternati vely derives an equal bene�t from the
presenceof the cache. The goal of a \Ut il it arian" policy is to
maximize the tota l bene�t for the aggregategroup|e. g., by
maximizing total thro ughput|wit hout regard to indi vidual
thread performance. Finally, a \Capita list" cache poli cy is
an unregulated free-for-all |the most common policy in use
today.

Intuit ively, either a Communist or Uti li tari an policy seems
preferable to a Capital ist policy, as both of these seek to
maximize some desirable property, whil e the Capital ist pol-
icy makes no e� ort toward any form of \go odness" . How-
ever, the issue of which metri c to apply to a Uti li tari an or
Communist policy remains. Miss rat e is a common metric
for cache perform ance, but miss rate is not always propor-
ti onal to perceived performance. Memory bandwidth is a
scarcecommodity in CMPs, so it may be appropri ate for a
Ut il itari an poli cy to minimize tot al bandwidth. Throughput
is often the bott om line, but raw IPC is not a very useful
metric, since di� erent threads have di�eren t levels of IL P.
Weighted IPCs [14] are attrac tiv e and have been used in
past studies, but raisethe questi on of what weight ing factor
should be used.

Overall, we identi fy four disti nct aspects of a cache parti -
ti oning policy: performance targets, evaluation metrics, poli-
cies, and policy metrics.

� A performance target is the end goal. A performance
target may be for all threads to have the same miss
rate, or that all threads should have the same IPC
relat ive to some baseline con�gurat ion. The perfor-
mance targets we examine are mini mizing total mem-
ory bandwidth, maximizing weighted IPC with respect

to various baselines, and equalizing weighted IPC with
respect to various baselines.

� The evaluation metr ic is the metri c used to express
the performance target and to evaluate the extent to
which the target is achieved. For example, if the target
is to maximize total weighted IPC, then the evaluat ion
met ric is weighted IPC.

� A policy is the aspect of the cache implementat ion
which makesallocation decisions. One well-known pol-
icy is LRU replacement , intended to achieve low miss
rates in the general case. We compare two simple
poli cies|LR U and uniform stati c part it ioning|to poli-
cies that perform allocation based on metri c values
measured from application behavior. Because we are
investigating fundamental behavior rather than spe-
ci�c implementations, we use stat ic o�i ne opti mal par-
ti ti oning to model these policies.

� A policy metri c is a metri c used to dri ve an alloca-
ti on policy (t he o� ine opti mal policies in our case).
Ideally, the policy metric and evaluati on metri c would
be identi cal. However, the desired evaluation met ric
may not be measurable online, and thus may not be
useful in driving policy decisions. Practi cal implemen-
tat ions may be forced to use poli cy met rics that are
online observable metri cs that merely correlate with
the evaluation metric.

We � nd that the optimal part it ioning of a shared cache
can vary greatly as di� erent but reasonable de�nit ions of
opti malit y are applied. We also �nd that, although Commu-
nist and Uti li tari an targets are generally compatibl e, each
poli cy has work loads for which it provides poor overall per-
formance or poor fairness, respectively. Weighted metrics,
which may be di�cul t to measureonline, correlate strongly
with their unweighted counterparts for Uti li tari an targets,
and thus the latter may be useful as proxies for performing
online decision-making; hoever, Communist targets have no
such appropri ate proxies. Finall y, we �nd that simple poli-
cies like LRU replacement and static uniform parti ti oning
are not su�c ient to provide near-opti mal performance under
any reasonable de� niti on, reinforcing that a thread-aware
cache resourceallocation mechanism is required.

We begin the remainder of the paper by discussing re-
lated work in Section 2, our experimental methodology (Sec-
ti on 3), followed by our results (Section 4). We conclude in
Section 5 and o� er our plans for fut ure work in Section 6.

2. RELATED WORK
Since CMP s are a relati vely new development on the pro-

cessor scene,the amount of related work is relati vely small.
Most previous work focuses on using miss rates as perfor-
mance targets in SMT systems.

Stone et al. [15] developed a model for studying the op-
ti mal allocation of cache memory among multi ple access
streams. They experimental ly determine a miss rat e curve
that maps cache size to miss rate for a referencestream, and
then �t that curve to an exponent ial function. Noti ng that
the total miss rate for a pair of memory access streams is the
average of the two cont ribut ing miss rat es, they point out
that solving for a mini mal miss rate merely involves taking
the derivati ve of this equation, setting it to zero, and solv-
ing. They also showed that LRU typically comes close to



achieving optim al performance. They focused on parti ti on-
ing a cache between the instructi on and data access streams
of a single workload, and did not consider part it ioning across
mult ipl e workloads.

Thiebaut et al. [19] bui ld on Stone's work to partit ion
disk caches for maximal hit ratios. They util ize shadow
tags, which are tagswit hout data, to indicate hits that could
have occurred had there been a larger allocation. Using thi s
informati on, they calculate the marginal gain of adjust ing
the cache allocation. They note that a problem wit h imple-
menti ng a greedymarginal gain algorithm with thi s method-
ology is actually �nding the memory st ream with the largest
marginal gain, since the funct ions are non-monotonic. They
resort to performing a sort every t ime they update a par-
ti ti on. Their study assumed full y associati ve disk caches
and parti ti oning on a disk block granularit y. This amount
of computati on is li kely too heft y for a CMP, whil e it is
acceptable for a long latency ent it y like a disk cache.

Suh et al. [18] propose a partit ioning scheme that depends
on o�i ne pro�li ng of applicat ions. Wit h the knowledge of
o� ine miss rates, an online parti ti oning unit determines an
opti mal partit ion for mini mizing miss rates. They lat er de-
veloped a full y online scheme involving addit ional counters
in the hardware [16, 17] to calculate the marginal miss rate
reducti on for each additi onal cache way for a given thread,
which they �nd is a reasonableapproximati on for each ad-
dit ional block if the cache has su� cient associati vity. Thi s
mechanism is ti ed to a set-associati veLRU cache and limited
to parti ti oning the cache on a per-way granularit y rather
than per block. They use a greedy algorithm to allocate
cache part iti ons once they determine the marginal gains.

Chiou et al. [2] propose a partit ioning scheme that par-
ti ti ons at the granularit y of cache ways. Parti ti oning is
achieved by limiti ng the cache ways in which a thread can
place it s data. The 
ex ibil it y in placement is thus limited.

Kim et al. [10] present a cache partit ioning algorithm
which focuseson fairness in a small scaleCMP using SPEC2000
benchmarks. They evaluate several metrics and correlate
them to execution t ime to determine what a good online
metric to dri ve their policy decisions should be, and develop
an algorithm that attempts to keep those metri cs as equal
as possible throughout execution ti me.

Chandra et al. [1] deal not with parti ti oning but with
predict ing inter-thread cache content ion in a shared cache
on a CMP, wit h the intent to usethis inform ati on to prevent
thrashing in a shared cache. They present a mechanism to
accurately predict when threads wil l thrash, though they do
not present a means to prevent it .

Huh et al. [5] focuson providing 
exibi li ty in setting cache
sharing levels in the hardware. The platform they present is
a NUCA platform , and the dynamic extent of their research
is on mapping blocks to an appropri ately close cache bank.
Their emphasis is on hardware implementati on.

Iyer [8] presents a framework for providing di�eren t iat ed
services to various threads via the cache hierarchy in a CMP.
The framework consists of classifying heterogeneousmem-
ory streams, assigning pri orit ies, and enforcing them. He
presents several means of enforcing a part iti on, including
selective allocation and set parti tioni ng.

Fedorova et al. [3] present an operating system scheduling
algorit hm to deducewhich sets of threads would coexist the
best to schedule at the same ti me. Their goal is to sched-
ule threads which would yield the lowest overall miss rates

witho ut starving any threads. This technique may not be
relevant on large scale CMP s where the number of software
threads may not outnumber the number of hardware threads
by so much as to make scheduling an issue. Furt hermore,
large-scale CMP s will li kely support mult ipl e vi rtual ma-
chines, making system-wide opti mization outside the scope
of any one OS scheduler.

3. METHODOLOGY
In thi s section we describe our perform ance target selec-

ti on, the method usedto obtain opti mal allocations for these
performance targets, the benchmarks used, and the CMP
thread model.

3.1 PerformanceTargetSelection
A performancetarget is some functi on of the overall cache

allocation which we seek to minim ize or maximize by adjust-
ing the allocation. We use(p1 ; p2 ; p3 ; :::pN ) to denote the set
of cache allocations for an N -thread workload, such that pi

is the cache allocati on for thread i and
P N

i =1 pi = C, where
C is the tot al cache space available.

As discussed previously, targets can be either Commu-
nist or Ut il itari an in nature, emphasizing either fairness or
overall perform ance. Each of thesehigh-level targets can be
applied to a variety of metri cs.

A metri c has two components: a \base" metri c and an
(opt ional) weighting factor. We consider three basemetri cs:

� Misses per access (M PA) , i.e., miss rat e. This is a
fundamental cache performance metric that is easy to
measureonline.

� Misses per cycle (MPC) measuresbandwidt h usage.
We include this metric becauseo�- chip bandwidth may
be a precious resource in fut ure servers.

� Instructio ns per cycle (IPC) is instruc tion rat e. For
a �xe d program path length, e.g. no spin-wait loops,
IPC directl y corresponds to throughput, and is thus a
direct measure of observed performance.

A meaningful performancetarget should re
ect some tan-
gibly useful goal. Because IPC directl y indicates perfor-
mance, we focus prim aril y on IPC-based targets. We also
considerMP C asit may prove useful for severely bandwidth-
constrained systems. We do not considerMPA-based perfor-
mance targets, since low miss rat es do not directly translate
into measurable improvement on the system level. Never-
theless,MPA is att racti ve becauseof it s easeof online mea-
surement ; we wil l return to MPA in Section 4.4 to consider
whether it is useful as a policy met ric, i.e., a measurable
proxy for other more signi�can t met rics.

The other component, the weight ing factor, was born out
of SMT processor performance studies [14]. Any of the met-
rics de�ned above can be weighted, i.e.:

M etr icw eig hted (pi ) =
M etr ic(pi )

M etr ic(baseline)
(1)

The need for weighti ng came about becauseof the obser-
vati on that simply maximi zing raw aggregate IPC leads to
poli cies that favor inherentl y high-IPC threads at the ex-
penseof low-IPC threads. Using weighted IPCs, where the
baseline is the IPC a thread achieves when it has the proces-
sor to itself, eliminates thi s bias, yielding a met ric that does



Target Name Descripti on
MPC -None-Ut Mini mizing Overall Bandwidt h
IPC -128-Ut Maxim izing IPC weighted wrt 128KB performance
IPC -256-Ut Maxim izing IPC weighted wrt 256KB performance
IPC -512-Ut Maxim izing IPC weighted wrt 512KB performance
IPC -1024-Ut Maxim izing IPC weighted wrt 1MB performance
IPC -128-Co Equalizing IPC weighted wrt 128KB performance
IPC -256-Co Equalizing IPC weighted wrt 256KB performance
IPC -512-Co Equalizing IPC weighted wrt 512KB performance
IPC -1024-Co Equalizing IPC weighted wrt 1MB performance

Table 1: Perfo rm ance targets.

not reward starvati on of low-IPC threads. This same con-
cept can be used when comparing policiesfor cache resource
sharing.

For cache sharing studies, the choiceof baseline for weighted
metrics is less clear. In the context of a CMP system with
64 cores and 32MB of shared cache, the performance of a
single thread when it has the system to itself (i.e. with
all 32MB of cache) is largely irrelevant to it s performance
with the roughly 512KB of cache it would be expected to
receive in normal operat ion. This baseline would also be
costly to measureonline, as it would require idli ng 63 cores
for long enough for a single thread to warm up such a large
cache, then repeating thi s task 64 ti mes for each running
thread. Instead, we choose a set of baseline parti ti on sizes
that bracket the stati c uniform allocations for our systems|
128KB, 256KB, 512KB, and 1024KB| to seethe impact of
baseline selection on the resulting parti ti oning.

A useful perform ancetarget must combine a metri c wit h a
Ut il itari an or Communist model to describe some meaning-
ful opti mizati on goal. A Util it arian target mini mizing raw
MPC seeks to alleviate the demand for potent ial ly limited
o� -chip bandwidt h, and thus may be useful. However, we do
not see any moti vation for MP C targets based on weighted
MPC or a Communist model. As discussed above, raw IPCs
also do not make meaningful perform ance targets due to
their tendency to favor high-IPC threads at the expense
of low-IPC threads, so we use only weighted IPC (WIP C)
for our performance targets. We apply both the Util it ar-
ian model (maximizing WIPC, i.e., minimizing aggregate
relat ive degradation) and the Communist model (equaliz-
ing WIPC , i.e., equalizing relati ve degradation across all
threads). Table 1 li sts all the performance targets evalu-
ated in this study.

3.2 Optimal CacheAllocations
Having selected a set of performance targets, the quest ion

turns to determining an optim al allocation for a given tar-
get. Because we are studying the fundamental behavior of
di� erent performance targets, we use stati c o�i ne analysis
to determine the optimal part iti on for a given target. We
start by discussing parti ti oning using MPA-based targets,
then use an analyti c model to extend thi s methodology to
the MPC- and IPC -based targets we desire.

Past studi eshave observed that the overall cache miss rat e
(measured in terms of missesper access, or MPA) is a simple
functi on of the sum of the miss rates of the contribut ing
threads [15, 18]. That is, for N threads, where M PA i (pi )

is the the miss rate of of thread i with cache allocation pi :

Overal lM issRate =
1
N

NX

i =1

M PA i (pi ) (2)

Combini ng this observati on with miss rate data for each
applicat ion of interest on a range of cache sizes, a simple
search algorithm can stat icall y determine the opti mal cache
allocation p1 ; p2 ; :::pN for applications 1 � N that minimizes
the total misses incurred.

To obtain the needed miss rate data, we util ize a t race-
based behavioral cache simulator called CASPER [7] to de-
termine the miss rate funct ions of several benchmark appli -
cations for a spectrum of cache sizes. The CASPER simu-
lator yields non-tim ing cache behavior informati on li ke miss
rate, and is parameterizable according to size, associati vity,
block size, and split versusuni�ed. We use CASPER to ob-
tai n miss rate curves for eight benchmarks from cache sizes
16KB to 1024KB in increments of 16KB; results are shown
in Figure 1. We limit ed our cache size to 1MB because our
data showed that miss rate errors would have been unac-
ceptably high wit h larger cache sizes. Error rates stem from
the fact that in t race-basedsimulati on, the �rs t miss to a
block may have been a hit had the simulat ion been running
from the beginning, rat her than from the middle of a trace
[21]. So, all cold missesare actually of unknown status and
comprise the error margin. Error margins can be reduced
by running longer simulat ions, but we were limit ed by the
lengths of some of the traces we were able to obtain, and
instead limited our simulat ed cache sizesin order to ensure
reasonable error margins.

We simulated caches with 64 byte blocks and as close to
32-way associativit y aspossible. Sincesomecache sizeswere
not perfect powers of 32 (e.g., 48KB) , 32-way associati vity
would be impossible. In casesli ke these, we usedthe nearest
associativit y to 32; in the caseof 48KB, it is 24-way associa-
ti vity. We used high associat ivit y becausewe did not want
con
i ct misses to unduly color our results for small cache
sizes.

Weselectedeight benchmarks for our studies. SinceCMPs
are likely to be useful in the server market, we chose some
common server workloads: TPC -C, SpecWeb, iSCSI, and
SAP. At the same ti me, we wanted a variety of miss rate
behaviors, and thus selected some other benchmarks from
the SPEC2000 suite. Art and swim are what we consider to
be \pathol ogical" workloads, in the sense that no amount of
cache will reduce miss rates. We wanted work loads of thi s
type to mimic the pathological behavior observed in current



Fi gu re 1: M iss rat e cur ves for t he benchmarks used
in this st udy . On the x-axis is cache size in KB,
and on the y-axis is miss ra te in terms of m isses per
access MP A.

systems [4]. On the other end of the spectrum are perlbmk
and vpr, meant to represent threads that may not be par-
ti cularly cache intensive. From the graph, it is clear that we
got what we had hoped for in terms of a range of miss rates
and a range of \kne e" behavior. Tracesranged from 40 mil -
li on to 200 mil li on inst ructi ons in length. The TPC-C and
SAP traces are Intel traces and are the shorter traces, while
the SpecWeb and iSCSI server t raceswere taken from a full -
system M5 simulator [13] simulat ion. The SPEC2000 server
workload traces were also taken from the M5 simulator, but
in a non-full -system mode simulati on.

Since we also want to study MP C and IPC as metrics,
we note that we can use the same stati c o� ine methodol-
ogy as long as we have a representati on of cache size-to-
IPC /MPC mappings. To get these mappings, we use an an-
alyti cal model to determine MP C and IPC from the MPA
data we measured using CASPER. For MPC (bandwidth) ,
we require a funct ion which translat es M PA(p) to M PC(p).
In the following equati ons, M PI is missesper inst ructi on,
AP I is accesses per instruct ion, CPI base is the base CPI
of the CPU, and CPI mem or y is the CPI added due to miss
penalti es.

M PC =
M PI
CPI

M PC(p) =
M PA(p) � AP I

CPI base + CPI mem or y

M PC(p) =
M PA(p) � AP I

CPI base + M PA(p) � AP I � M issPenalty
(3)

Thus, Equation 3 determines MP C as a funct ion of cache
size with a given MPA curve. API is constant for each
benchmark, and experimental ly determined. Sinceour traces
were taken from both RISC and CISC sources, we adjusted
API for the Intel traces to re
ect accesses per micro-op, so

that numbers between the traces would be comparable. We
set CPI base to 1, and M issPenalty to 500. We use a large
miss penalty becausewe are modeling last level cache miss
penalti es (i.e. going to DRA M); in additi on, we wanted to
emphasize the impact of the memory system in our exper-
iments, since we are focused on the qualitat ive rat her than
quanti tat ive behavior of cache sharing policies.

Our model for IPC is similar, using the same constants:

I PC =
1

CPI

I PC(p) =
1

CPI base + CPI mem or y

I PC(p) =
1

CPI base + M PA(p) � AP I � M issPenalty
(4)

Note that we use the somewhat more awkward IPC form
rather than CPI becauseCPI is not additiv e acrossthreads.

Converti ng these equati ons to weighted metri cs is triv-
ial; a thread's performance at a given cache size is merely
divi ded by the thread's performance at the baseline size.

Given all of these size-to-metric curves, determining allo-
cations that optim ize over the aggregate or equalize across
contri buting threads is a simple matter. For Uti li tari an tar-
gets, we consider all possible parti ti ons and choosethe par-
ti ti on that yields the best overall performance. For Com-
munist targets, we again consider all possible parti ti ons and
choose the parti tion that yields the lowest standard devia-
ti on between all contribut ing threads. The equati ons below
use weighted IPC wit h respect to 256KB as an example.

To �nd the optimal parti tion for IPC-256KB-Uti li tari an,
we merely have to maximize:

W I PCtotal (p1 ; p2 ; :::pN ) =
NX

i =1

I PCi (pi )
I PCi (256KB)

(5)

For IPC-256KB-Communist , we mini mizeover all threads
i :

� = stddev(
I PCi (pi )

I PCi (256KB)
) (6)

3.3 CMP Thr eadModel
In our experiments, we model 2, 4, 8, 16, and 32 threads

sharing 1MB of cache. Weconst ruct the workloads by choos-
ing every possible two- and four-t hread application mix from
our eight benchmarks, with our larger workloads created by
logical replication, e.g., a 2-appli cation mix is replicated 4
ti mes to yield an 8-thread workload, whil e a 4-applicat ion
mix is replicated twice.

Due to our stati c trace-based methodology, a four-thread
workload consisting of two threads from applicati on A and
two threads from application B sharing an N MB cache
yields the same parti ti on for each thread as a two-thread
workload consist ing of one A thread and one B thread shar-
ing an N=2 MB cache. Thus we can determine the parti tion
for a 32-thread workload on a 1MB cache by evaluating the
constituent four-thread workload on a 128KB cache. Thi s
technique shortensour search ti me signi�ca ntl y sincewenow
only need to evaluate all possible ways to divide 128KB be-
tween four threads, rat her than all possible ways to divide
1MB by 32 threads.



Fi gu re 2: TPC-C and SpecW eb sharin g a CMP plat-
fo rm can y ield wi dely varyi ng id eal al lo catio ns, de-
pending on th e de� nition of idea l .

4. RESULTS
We begin our analysis by presenti ng the impact of the

chosen performance target on the allocation of cache capac-
it y among threads. We then focus on two speci�c aspects
of performance target selection: Communist vs. Ut il it arian
models and the choice of baseline when using weighted met-
rics. This section ends by looking at two issues related to
implementat ion feasibil it y: whether there are policy metrics
measurable online that correlate well with desired evalua-
ti on metrics, and whether simple poli cies such as LRU and
stati c partit ioning can approximate any reasonable perfor-
mance target .

4.1 Optimal Partitions
Westati cally determined the optim al part iti onson all pos-

sible two- and four-application mixes for 2 to 32 threads for
the various performance targets we examine. We found that
cache allocations can vary widely depending on the target.

Figure 2 shows an example of how signi�can tly part iti on-
ing can vary due to di�eren t de�ni tio ns of opti mali ty. Thi s
parti cular graph shows the various optim al cache allocati ons
of the TP C-C/Sp ecWeb application mix. The clusters along
the horizontal axis represent di�eren t numbers of threads
sharing a 1MB cache. Each member of a cluster is a di� erent
performance target . The �rs t component of the target indi -
cates the evaluation metri c, MPC or IPC . For IPC targets,
the numeri cal component of a performance target indicates
the weighting factor, e.g. IPC-128 is IPC weighted against
IPC (128KB). The -Ut or -Co su� x indicateswhether it is a
Ut il itari an or Communist target . The verti cal axis indicates
the fract ion of cache given to each benchmark. For exam-
ple, in the case of 16 threads and the IPC-512-Ut target ,
TP C-C receivesabout 90% of the 1MB cache, meaning that
the 8 threads of TPC-C receive about 90% of the cache, or
equivalent ly that a single thread of TPC -C is about 90% of
128KB. As is clear from the graph, the allocations can vary
widely even from withi n a metri c \fam il y", li ke IPC-*- Ut
or IPC-*-Co. This graph shows evidence that Communist
targets can di�er signi�can t ly from their Uti li tari an coun-
terparts, and that even choosing di� erent weighti ng factors

Fi gu re 3: An oth er examp le of widely vary in g part i -
tions, wi t h fou r benchmarks sharing a CMP . The 2
th read column is em pt y because there is no way to
ru n 4 benchmarks on only 2 threa ds.

can yield signi�can tl y di� erent results.
Figure 3 shows the same results for the 4-application case.

Optim al part it ion behavior varies widely and the impact of
changing performance targets is di� cult to predict. Trends
causedby varying the baseline cache size are non-monotonic.
For example, at 16 threads, going from IPC-128-Ut to IPC-
256-Ut yields a larger parti ti on for SpecWeb, but its par-
ti ti on size shri nks again when moving from IPC-256-Ut to
IPC -512-Ut.

To quanti fy how much part iti ons can vary overall , we de-
vised a parti ti on di� erence metri c. For any application mix,
we determine the average di� erence in allocation for a sin-
gle thread when going from any one performance target to
another. Speci�cal ly, say the opti mal parti tion for AppA -

Fi gu re 4: Th e vari atio n in partition size between
any giv en pair of perf orma nce tar gets. Th e values
on th e y-axi s ind icate th e average relativ e chan ge in
cache all ocation as th e perfo rma nce tar get chan ges.



Fi gu re 5: H ist ogram of th e absolute redu ctio n in
fairness (i.e. absolut e di � erences in � when goi ng
fro m a Comm unist ta rg et to its Util ita ri an coun ter-
part (e.g. IPC-Co-12 8 t o IPC-Ut- 128).

AppB with performance target i is such that AppA receives
allocation piA and AppB receives allocation piB . Then the
parti ti on di�erence met ric is de�ned as:

P
i

P
j >i

P
x jpix � pj x j

xmax �
� i ma x

2

� (7)

The numerator represents the sum of all the allocation
changes between all possible pairs of performance targets
and all pairs of applications withi n the mix, whil e the de-
nominator represents the total number of possibil it ies, with
the result yieldi ng an average. Figure 4 shows the spectrum
of partit ion variati on for all the mixes used in thi s study.
This box-and-whiskers plot shows the inner two quartil es
inside the box, wit h the horizontal li ne representi ng the me-
dian. The whiskers extending outside the box show the re-
maini ng values of the outer two quarti les. The y-axis shows
the change in allocation relati ve to a stat ic uniform parti -
ti oning.

Part iti on variat ion between performance targets when two
threads share 1MB can vary by almost 20%, with the me-
dian at 15%. The 16- and 32-thread casesmany zero-change
instances resulting in lower mediansbecause the 16KB parti -
ti oning granularit y we userepresents a signi�can t fract ion of
the typical per-thread allocati on in a 1MB cache. However,
there are stil l caseswhere there is a signi�c ant parti tion vari-
ati on between di� erent performance targets. In all cases, it
is clear that varying the performance target selection among
a set of reasonable choicescan yield signi�can t variations in
the optim al cache parti ti on.

4.2 CommunismversusUtilitarianism
One of the key dist inct ions among previously proposed

performance targets is whethetr they target overall perfor-
mance (Uti li tari an) or fairness (Communist). Both of these
goals are desirable, and it is di� cult to say in general which
is more important. In thi s sectio n, we evaluate the quantit a-

Fi gu re 6: Histogram of t he percen t age red uction in
weighted I PC when going from a Utili t arian ta rget
to its Comm unist coun terp art.

ti ve di� erence between these targets. Speci�c ally, we look at
how much fairness is lost when using a Uti li tari an target in
placeof a Communist target (Fi gure 5), and conversely, how
much throughput is lost when using a Communist target in
place of a Ut ili tari an target (Figure 6).

In each case,we look at all pairs of work loads sharing the
same weighted IPC metric , and generate histograms indi -
cating how far the objective function for one model deviates
from it s opti mal value when the part iti on is opti mized for
the other model. (We ignore the raw MP C metri c used pre-
viously since it does not make sense under a Communist
poli cy.) For example, the IPC-Ut-128 target provides maxi-
mal throughput using weighted IPC with a 128KB baseline
as the evaluati on metri c (maximizing W I PCtotal of Eq. 5,
whil e IPC -Ut- 128 uses the same metri c but opt imizes for
fairness (mini mizing the � of Eq. 6). The delta between the
� values of these models is plot ted in Figure 5, whil e the
delta between the W I PCtotal values is plott ed in Figure 6.

Both histograms have most of their samples in the bin
closest to zero, meaning that for the most part, Communist
and Ut il it arian metrics are comparable; i.e. optim izing for
throughput tends to provide near-optimal fairness and vice
versa. However, both dist ribut ions have a signi�c ant tail .
In other words, Communist targets mostly yield parti ti ons
that have near-optimal overall performance, but there are a
few caseswhere the opti mal Communist partit ion yields ex-
tremely poor overall performance. Li kewise, Ut il ita rian tar-
gets mostl y yield opt imal part it ions that are not extremely
unfair, but there are a few caseswhich are.

These two graphs do not indicate which target is prefer-
able, but they do indicate that whichever target is used, it is
importan t to guard against these heavy tai ls such that the
resultant parti ti ons can be both fair and have good overall
performance. The better start ing point remains to be seen
and would depend on easeand feasibil it y of implementati on.

4.3 BaselineWeighting Choices
As previously discussed, one of the subt leti es to choosing



Fi gu re 7: This graph demon st rates th e drama tic dif -
ferences th ere can be in cho osin g di � eren t baselines
for weighted metr ics. Each cluster has a bar w ith
value 1 because every met ri c correlat es perf ect ly to
itsel f.

a weighted performancetarget is the selection of the baseline
weighti ng factor. Pri or work has taken the baseline as \what
the performance would be if it had the whole system to
it self ". Whil e this approach may be reasonable for small-
scalesystems, it may be both impractic al and irrelevant on
an LCMP system wit h tens or hundreds of threads and tens
of megabytes of cache.

Figure 7 examines the impact of the choice of baseline by
showing the correlati on coe�ci ents between weighted met-
rics with various baselines. A perfect correlation of 1.0 indi -
cates that there is no di� erencebetween choosing one base-
li ne or another. Lower correlati on values indi cate larger
di� erences between the results of di�eren t baselines. As
can be seen from the graph, Uti li tari an weighted IPC met-
rics are all reasonably close,with correlations staying above
0:8. However, wit h Communist weighted IPCs, the selection
of weighti ng factor has a great impact on resulti ng perfor-
mance. Given thi s sensitivity to the weight ing factor, it
seems di� cult to de�ne \fai rness" in a robust and precise
fashion.

4.4 Policy Metrics
As ment ioned in the intro ducti on, an evaluation met ric

may not be measurable online in real-tim e. A weighted
metric is di�cul t to measure onli ne becauseknowing how
some thread would fare if it had some greater porti on of
the cache is impossible to know without o� ine pro�li ng,
which can be inaccurate when input s vary, and typically
does not capture ti me-varying program behavior, or online
sampling, which may be impracti cal if it requires running
each of many threads alone sequenti ally in order to achieve
unperturb ed samples. Thus, it is useful to �nd what we
term policy metrics, online measurable metrics that serve
as proxies for evaluati on metri cs and can be used to driv e
poli cy decisions that yield good performance with respect to
the performance target. In thi s section, we study the cor-
relat ions between met rics that are reasonably measurable
online and our selected performance targets. We consider
unwieghted metrics to be measurable, as they can typically

Fi gu re 8: Co r rel atio ns between possib le policy met-
rics and perf orma nce ta rgets . The y-axi s shows th e
absolute value of r- values.

be captured online using simple counters wit hout requireing
special sampli ng phases.

The results are shown in Figure 8. The graph shows that
miss rate (MPA) is actual ly correlates quit e poorly with
all performance targets. Maki ng parti tio n decisions using
MPA as a replacement for the performance targets of inter-
est would not yield desired results. MP C and IPC, how-
ever, are relati vely good indicators for Uti li tari an targets,
but poor for Communist targets. This result indi cates that
there is no su�ci ent policy metric that we know of to driv e
an online policy for Communist weighted IPC targets. For
the benchmarks we have chosen, choosing to target a Com-
munist policy is futil e becausethere is no way to measure
how well you are doing. Thus it may make more senseto use
Ut il itari an targets, while simply try ing to avoid the unfair
outl iers seen in the previous section.

One interesti ng side result is that MPC (bandwidt h) and
IPC always correlate perfectly. Upon further investigation,
we discovered that this is an arti fact of our performance
model described in Section 3.2. In this model, raw MPC
and raw IPC are linearly related, such that mini mizing raw
MPC yields the same partit ions as maximizing raw IPC. We
expect that this relati onship will contin ue to hold, though
lessprecisely, in real-world executions.

4.5 Policy Evaluations
Given the di�cul ti es in de�ni ng \opti mal" behavior for

cache partit ioning, werevisit the initi al hypothesis that some
explicit cache management policy is required to provide good
behavior in a shared-cache system. Is it possible that sim-
ple, exist ing policies such as LRU provide adequate cache
management under someobjectiv e functi on?

We answer thi s questi on by comparing two simple poli-
cies, LRU and uniform cache partit ioning, with stat ic of-

ine opti mal part it ioning. The goal is to show the general
sensit ivit ies of these opti mal poli cies, and whether simpler
mechanisms like LRU or or even part it ioning are su�c ient .
Figure 9 shows that , unl ike in uniprocessor scenarios, LRU
is not partic ularl y close to opti mal for any of our perfor-
mance targets. On the x-axis are the various performance
targets, while on the y-axis the combinati on of all appli ca-
ti on mixes are broken down into four categories. Each appli -



Fi gu re 9: Th is grap h compa res the per forman ce
LR U and static unif orm partitioning (ev en spli t )
poli cies with our candid ate perfo rma nce targets.

cation mix has an evaluati on met ric value according to the
performance target it was being opti mized for. That same
evaluati on metri c is measured under the other two policies,
LRU and evenly distribut ed parti tio ning. The bottom two
bars represent cases where LRU' s evaluat ion metri c perfor-
mance measures wit hin 10% of opti mal, i.e. LRU is a su� -
cient policy for reaching near-optim al perform ance. As can
be seen, LRU does a poor job for every target except raw
bandwidt h (aka raw IPC). Thi s indi cates something we al-
ready knew|LR U does a generally good job for maximizing
raw IPC [15]. The next bar up shows caseswhere LRU does
a bad job, but uniform cache dist ributi on remains wit hin
10% of opti mal. And �nal ly, the top bar shows caseswhere
an onli ne policy is required to get near optim al.

The graph leads us to conclude that for Util it arian poli-
cies, there are two options. One is to always havea policy ac-
ti vely pursue optimal partit ions, since previous experiments
show that is possible to do online using IPC or MPC as
a policy metric . However, an online policy like this could
prove costly, leading to the other possibil it y of using LRU
most of the ti me, and have some monit oring scheme deter-
mine when even parti ti oning or an online policy is required.

For Communist policies, however, it is clear that even
in the general case some active policy is required. Unfor-
tunat ely, the previous set of experiments showed that an
online policy searching for opt imal will be more di�cul t to
implement than Uti li tari an poli cies.

5. CONCLUSIONS
Cont roll ing the allocation of shared cache resourcesamong

threads is a necessary task in fut ure CMP systems. How-
ever, the selection of the objectiv e funct ion for guiding thi s
allocation is a subtle issue, and di�eren t seemingly reason-
able objectiv es can lead to signi�ca ntl y di� erent results.

We make the dist inct ion betweenperformance targets, the
goals of a cache; evaluation metrics, the met rics to measure
the achievement of that goal; policies, the decision rul es
meant to achieve the performance target; and policy met-
rics, the actual metri csusedto direct policy decisions. Many
researchers use policy metrics and evaluati on metri cs inter-
changeably in the li terature. However, our results indi cate
that a common policy metri c, missrat es, is a poor proxy for

the real targets of interest . Addit ionally, selecting di� erent
performance targets can cause optim al cache allocations to
vary greatly, which impl ies that the selection of a perfor-
mance target cannot be done in an arbi trary manner.

We compare the e� ect of applying Communist or Uti li -
tari an goals in cache parti ti oning, i.e., optim izing for fair-
ness across threads or for opt imal aggregate behavior. We
�nd that, for most workloads, there is li ttl e con
ict between
these targets, in that Communist goals typically lead to
near-global opti ma, and Util it arian goals typically provide
good fairness. However, in either case, there are outlying
workloads for which a Communist goal severely degrades
global performance or a Ut il ita rian goal severely impacts
fairness. Thus choosing one or the other of these goals as
prim ary may be less useful than guaranteeing that neither
fairnessnor global performance is unduly sacri�ced in patho-
logical conditi ons.

We also show that weighted met rics, a standard technique
in the area of SMT research intended to alleviat e unfairness
in resource allocation, have unexpected issuesaswell. CPU-
oriented SMT research usesstandalone performance|i .e., a
single thread having all resources to itself|a s a baseline.
However, using standalone perform ance as a baseline for a
multi- megabyte shared cache in a large-scale CMP is both
less practi cal and less meaningful. Unfort unately, choosing
di� erent arbit rary baselines yields signi�can t variati ons in
performance, particul arly for Communist targets, and it is
unclear why there might be any reason to pick one over
another.

Addi ti onally, we invest igate the abili ty of online measur-
able policy metri cs to act as proxies for more desirable but
less practic al evaluati on metri cs. We show that, for the
benchmarks selected, miss rate is a poor policy metri c, since
it does not correlate well wit h any desirable the performance
targets. However, raw IPC and MPC are relat ively good
poli cy met rics for weighted IPC evaluat ion met rics in the
Ut il itari an model. We did not �nd a good policy metri c for
Communist perform ance targets.

Finally, we determined that optim al performance can be
relat ively sensitive, such that simple established methods
like LRU or uniform static part iti oning are insu�ci ent for
achieving near-opti mal performance. LRU does a good job
of maximizing raw IPC. However, LRU does not typically
come withi n 10% of optim al for Ut il ita rian weighted IPC
targets, and perform seven more poorly for Communist WIP C
targets. Even uniform stat ic parti tioni ng does li ttl e good
when LRU does poorly. Thus, parti cularl y in Communist
models, we �nd that an online policy to manage cache allo-
cation for opti mal performance is necessary to achieve good
performance the shared caches of CMP s.

6. FUTURE WORK
The conclusions of this work lead to a number of natural

next steps. One thi ng wewere interested in is inject ing pri or-
itization into our performance target de�niti ons as a way of
providing di� erentia ble quality of service (QoS). This study
has most ly dealt with the special case where all threads are
equally important in the eyes of the optim ization.

Anot her aspect ri pe for fut ure work is to analyze what
characterist ics causedLRU to perform poorly. Since an on-
line algorithm searching for opti mal may be very cost ly, it
may be bet ter to have an algorithm which usesLRU while
monitori ng for the characteristi cs that cause LRU to per-



form poorly, and switching to a di� erent policy when those
characterist ics are detected. Along a similar vein, we would
li ke to know how di�eren t \nat ural" parti ti ons are from op-
ti mal ones. In other words, in a Capit alist system, how does
the cache self-allocate, and how does this compare with an
allocation determined by an opti mal-seeking policy? Thi s
can give us clues to the general sensiti vity of opti mal, as
well as possible ident i�ers that indicate when LRU will per-
form poorly.

Addi ti onally, obvious future work entails developing a dy-
namic online mechanism for determini ng and enforcing op-
ti mal partit ions. Since we have discovered that Ut il it arian
and Communist targets are mostly comparable, we wil l in-
vest igate implement ing both targets (i ncluding heavy-tai l
guarding mechanisms), with an eye on which is more eas-
il y implemented or more feasible. Thi s work wil l leave the
trace-based simulat ion arena and move to cycle-accurate,
and eventually, ful l-system simulations. We hope to create
an end-to-end cooperativesystem between the hardware, hy-
pervisor, and operating system for cache management.
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